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Wasserstein Distance (WD)
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Sliced Wasserstein Distance (SWD)
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Random Input
Fig. 6: Model Overview We input the random samples from uniform distribution,
non-linearly expand it, split into desired tokens and feed it into a standard Transformer
encoder to learn correlation of multi-variable distribution. Finally we can generate the
reasonable high dimensional data
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FIG. 4: Permutation Test We illustrates the SWD
distance distributions obtained via the permutation test
for two distinct training sample sizes (300,000 vs. 1.8
million events). Each bar corresponds to the frequency
of SWD distances generated through random
permutations of the data. The vertical dashed lines
mark the observed SWD distances from the

ted datasets
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TABLE III: Test Sample Size vs.
Permutation-Test p-Value This table reports
p-values for a model trained on 300,000 events under
varying test sample sizes. For smaller test sets (i.e.,
below 350,000 events), the p-value remains above the
5% threshold, indicating no statistically significant
difference between the generated and target
distributions.

Test Sample (x10") P Value (%)

5 60.1%
10 33.3%
15 36.0%
20 7.7%
25 11.6%
30 5.9%
35 5.1%
40 2.5%
45 4.7%
50 3.2%
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TABLE II: Effect of Training Sample Size on
Model Performance This table reports the Sliced
Wasserstein Distance (SWD) between the generated
and target distributions using 1 million test events,
along with the corresponding permutation-test p-value,
for varying training sample sizes. As the training set
increases, the SWD tends to decrease and the p-value
generally rises, indicating reduced evidence of
distributional discrepancy. Once the training sample
surpasses roughly 750,000 events, the p-value exceeds
5%, suggesting that the model’s learned distribution is
no longer statistically distinguishable from the target
distribution at conventional significance levels.

Training Sample (x.‘I.OS) SWD test distance (xlUS) SWD test p value

18.0 0.9551 26.6%
15.0 0.8893 45.3%
12:6 1.0309 11.1%
10.0 0.9356 27.9%
T.5 1.0538 7.4%
5.0 1.2293 0.7%
2.5 1.5182 0%
1.0 1.5774 0%
0.5 2.3670 0%
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FIG. 2. The unfolding results for six jet substructure observables, using HERwIC 7.1.5 (“Data” / “Truth”) and PyTHIA 8.243
tune 26 (Sim./Gen.), unfolded with OMNIFOLD and compared to IBU. OMNIFOLD matches or exceeds the unfolding performance
of IBU on all of these observables. We emphasize that OMNIFOLD is a single general unfolding procedure, whereas unfolding

Phys . Rev' Lett. 1 24, 1 82 001 (2 O 2 O) with IBU must be done observable by observable. Statistical uncertainties are shown only in the ratio panel.
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Figure 2: Histogram Analysis of Unfolding Methodologies, The performance
of our proposed SwpFoLD method is shown with brown dots, compared with
the OMNIFoLD method with black dots. Our SwpFoLb method exhibits a

high degree of congrucnce with the truth event(Truth), signifying a sueccess-

ful reweighting of the generation event distribution(Gen) to estimate the truth Figure 3: Histogram Analysis of Reweight Methodologies. We presents o de-
event distribution(Truth), as particularly evident in the sharp peak around 1.020 tailed examination of the # 7 mass distribution across three distinet mass
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Fig. 6. Results on our industrial data. First row: original diffuse
image. Following rows show the anomaly score map and the
segmentation with AS=0, for three variants of our proposed
method: PCA+PixelNFA, Gabor+BlockNFA, and
ResNer+PixeINFA. All defects are detected in all cases, and
(AS=0) provides a good choice for the detection threshold.
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